Abstract In Malaysia, areas under oil palm plantations have increased dramatically since the early twentieth century and have resulted in multiple conversions of land change. This paper presents a spatial and temporal model for simulation of oil palm expansion in the Kuala Langat district, Malaysia. The model is an integration of cellular automata (CA), multi-criteria evaluation (MCE), and Markov chain (MC) analysis while MCE provides transition rules of CA iterations and MC analysis assigns a transition probability to each single pixel at the time steps. Evaluation criteria consist of constraints and nine suitability factors indicating environmental and socio-economic issues of oil palm development. In the first simulation, changes of six land-cover classes were projected to the year 2008 based on transitions between 1997 and 2002. Two measures of quantity disagreement and allocation disagreement were adopted to validate model outcome. The simulation of land-cover change of the year 2020 was done based on the transition observed between 1997 and 2002 regarding the satisfactory agreement of the projection and the reference data at the first simulation. The results, based on five landscape metrics, indicated continuous spatial patterns of oil palm plantations but more fragmented spatial patterns of other land classes by the year 2020.
Introduction
Geographical information sciences (GIS) provide the extensive opportunities to model land development in a spatially explicit manner. Modeling is one of the most effective ways to understand trends of land change process as well as to formulate the efficient land policies (Verburg et al. 2009 ). Land change modeling offers an important means of simulating future land change and the relationship between change and driving forces to better understand the complex interactions between socio-economic and environmental issues on which they depend (Robinson et al. 2007; Zhu et al. 2010) . However, direct measurements alone are not sufficient to understand the driving forces that are leading the change, therefore linking observations at a range of spatial and temporal scales to do modeling provides a comprehensive approach towards understanding land-cover change (Parker et al. 2003) .
The oil palm tree (Elaeis guineensis) is originated from the equatorial regions of West Africa (Hartley 1988) . The oil palm is mainly recognized by its high yield of oil, which is mostly used for food as well as in the oleochemical industry. Moreover, there are fiber-type products commercially being generated by the oil palm plantations and mills (Basiron 2007) . Nowadays in many tropical countries, oil palm is being cultivated as a commercial plantation (Abdullah and Nakagoshi 2008) . In Malaysia, areas under oil palm plantation have been on the increase from the early twentieth century. This was accelerated during the last 50 years reflecting compound annual growth of 10.06 % (Basiron 2007) to become the main agricultural land use (Abdullah and Nakagoshi 2008) . By increasing the interests to develop oil palm plantations and the need to open up more land, the challenge of conserving forestlands is still a major concern of government, public, as well as the international agencies. Nowadays, the oil palm industry is the backbone of Malaysia's economy. However, this industry faces significant challenges requiring rapid reactions to meet the increasing challenges of the industry in the face of globalization (May 2013) . To negate such development trends and to ensure sustainability, planners and decision makers require accurate information on development boundaries (Jokar Arsanjani et al. 2012) . A variety of spatially explicit approaches have been developed in a GIS environment to model land-use change. The integrated CA-Markov model has demonstrated an adequate predictive power that is addressed by a number of researchers (Mitsova et al. 2011; Pontius and Malanson 2005; Jokar Arsanjani et al. 2012) . The model provides an advantage simulation of land-use change and facilitates the spatial interactions of land categories (Mhangara 2011) . Furthermore, the model integrates human decision making through adopting the decision makers' judgment to generate suitability images (Koomen et al. 2008 ) to achieve a more realistic simulation of land-use changes even though there is a lack of theoretical link between the classic CAbased models with the decision-making process. Another significant advantage of CA-Markov model is the handling simultaneous analysis of multiple land categories by incorporating multi-objective land allocation (MOLA) model (Eastman 2009 ). In an integrated cellular automataMarkov chain model, Markov chain analysis quantitatively assigns a transition probability to each single pixel at the time steps (Pontius and Malanson 2005) . Meanwhile, CA undertakes simulation of spatiotemporal dynamic of each single pixel. Moreover, CA enables one to analyze landcover data due to the similarity of its cell representation and spatial characteristics to raster GIS and remote sensing imagery (Ménard and Marceau 2005) . Incorporating multicriteria evaluation (MCE) in CA-Markov model satisfies the spatial allocation of each individual pixel in which spatial characters are modeled based on the suitability of the pixels. Indeed, the fitness of each individual pixel in any spatial location is stated by suitability image (Eastman 2009 ). MCE implies a procedure of finding solutions to decision problems of multi-choice alternatives that are evaluated by means of multiple decision criteria (Elsheikh et al. 2013; Jankowski et al. 2001; Phua and Minowa 2005) . The criteria weighting procedure indicates the importance of each criterion relative to other criteria (Malczewski 2010) . The higher the value, the more important given criterion is in the overall utility (Nyerges and Jankowski 2009). The assessment of map accuracy is nowadays considered as an important issue providing a fundamental basis for mapping projects (Foody 2010) . Considerable effort has been devoted towards assessing the accuracy of projected patterns of land change. Most of the integrated CA-Markov land change models have been validated with the aid of a Kappa index of agreement as well as the variations of Kappa (Jokar Arsanjani et al. 2012; Kamusoko et al. 2009; Maithani 2010; Mitsova et al. 2011; Pontius and Malanson 2005; Poska et al. 2008) . Meanwhile, there are few CA-Markov models validated based on the techniques such as Cramer's V coefficient and Chi square goodness of fit (Petrov and Sugumaran 2005) as well as point-to-point validation (Luo et al. 2010; Yang et al. 2012) . However, Kappa indices are based on randomness and ignores a part of transitions from base map to projected one (Pontius and Millones 2011) that implies a lack of completeness. Moreover, the Chi square-based methods such as Cramer's V are unable to discriminate the quantitative errors from the allocation errors. Although, Kappa indices are able to discriminate quantitative errors from allocation errors, they do not take into account the issue of entire transition. Pontius and Millones (2011) recommend the use of two measures called quantity disagreement and allocation disagreement instead of using Kappa indices. The proposed parameters are based on summarizing the cross-tabulation matrix of observed versus simulated land-cover maps.
There are no many efforts to simulate specifically the likely patterns of oil palm development. Verburg and Overmars (2007) simulated land-use change trajectories using CLUE-s model based on a set of general criteria in the landscape level and reported change in oil palm land use. Gaveau et al. (2009) modeled the impact of oil palm development on the environmental variables based on the logistic regression analysis. Nourqolipour et al. (2011) initially attempted to simulate oil palm land-use change for transition observed based on integration of CA and Markov chain analysis. However, the research lacks environmental and socio-economic aspects of oil palm development without addressing the post-simulation analysis of likely patterns of change.
The innovative objective of this paper is to develop a GIS-based land-use model as a result of oil palm development towards an appropriate response to the increasing national and international challenges of expanding oil palm plantations in Malaysia. The objective is fulfilled by developing a set of main physical and socio-economic variables contributing to the development of oil palm plantations under an integrated multi-criteria evaluation and Cellular automata-Markov chain model. For this purpose, the land-cover change of Kuala Langat district, Malaysia, is simulated as the consequence of oil palm expansion for the years 2008 and 2020. Furthermore, the accuracy of the simulation is verified using two measures of quantitative disagreement and allocation disagreement as the legitimate alternative to classic Kappa index of agreement, which has widely been utilized to validate the land change models. A set of landscape metrics is subsequently applied to analyze spatial patterns of land-use change over time.
Materials and methods

Study area
The study site includes District of Kuala Langat in the south west of Selangor state, Malaysia. The area is mainly covered by oil palm plantations while the rest included horticulture and permanent crops, urban and residential areas, small patches of tin mining areas, and two patches of peat swamp forests including Kuala Langat south permanent forest reserve and Kuala Langat north permanent forest reserve (Fig. 1 ). This area is undergoing tremendous change of land use, where forest covers have mainly been converted to oil palm plantations while isolated forests have been converted to urban settlement (Jaafar et al. 2009 ). In 1984, only 530 ha of this area was under oil palm plantation while it increased to 50,546 ha in 2008. The district of Kuala Langat is almost flat except the Jugra Hill (232 m). Population density is moderate in the urban areas. There are several stakeholders whose decisions affect the oil palm land use including government-linked agencies undertaking regulations and R&D for the oil palm industry, estate governance and development agencies, oil palm growers comprising various big plantation companies and small holders, and palm oil producers.
Data and data processing
The required data were obtained from the Department of Agriculture of Ministry of Agriculture and Agro-based Industry Malaysia, and the Federal Department of Town and Country Planning Peninsular Malaysia. The vector data such as land use, soil suitability, road network, Environmental Sensitive Areas (ESA), and flood risk are available in ArcGIS Shapefile format. Each land-use data indicates six categories including oil palm, forest/swamp/wetland, urban/urban related/build-up, agriculture, water bodies, and other. The oil palm category consists of the area under plantation companies and smallholders. The first category is a combination of the layers representing preserved natural forests, swamp, and mangrove forests of the study area. The urban/urban-related/build-up layer includes urban, residential, and associated non-agriculture areas. The agriculture category includes permanent crops, horticulture, and annual crops. The category of water body consists of streams, ponds, and lakes. The 'other' category includes idle grasslands and the cleared lands. All the datasets were converted to the grid size of 20 m containing 4,118,826 cells.
Modeling procedure
The developed model in this research is a spatially explicit model that combines cellular automata and Markov chain analysis to predict the future land changes. In this model, Markov chain analysis determines quantity of transitioning cells by providing probabilities of change for the future time steps. Meanwhile, cellular automata undertake the spatial transitions through a group of suitability images providing transition rules of the model. Moreover, the model implements a spatial contiguity filter to each suitability image at every time The neighborhood of a given cell is defined by contiguity filter, such that if many of the nearby cells of the candidate cell belong to the existing land category, then the suitability value is sustained. Otherwise, the suitability value is down-weighted (Pontius and Malanson 2005) . For this research, a contiguity filter was used that made the suitability of a certain cell to be reweighed according to suitability weight of 24 surrounding pixels. Thus, for instance, 24 surrounding pixels of a candidate cell belonging to an oil palm land category have a stronger influence than far pixels in order to predict the position of the next probable pixel belonging to an oil palm land category. The following steps were carried out to build the model ( Fig. 2 ):
Criteria development
Evaluation criteria consist of constraints and factors (Eastman 2009 ). Constraints show the areas that cannot be considered for any type of development while factors indicate the main driving forces of development. For purposes of this research, constraints and factors were developed through a consultation process with experts in Malaysian Palm Oil Board (MPOB). In Malaysia, MPOB is the main government agency responsible for all aspects of oil palm development. MPOB provides policies, training, technical advisory services, and priorities for the well being of the national oil palm industry (Wahid et al. 2005) . The Boolean approach (Jiang and Eastman 2000 ) was adopted to develop constraint maps involving water bodies data with 50 m of buffer zone, transportation network, restricted lands, and environmentally sensitive areas (ESA). ESA is defined as a very sensitive area to any form of change due to natural processes or activities in or around it. A set of main driving factors of oil palm expansion was developed with the active contribution of experts in MPOB. The factors indicate the major environmental and socio-economic issues of oil palm development that are described in Table 1 .
During the process of factor definition, the function of each evaluation factor in oil palm development was described within the separate categories to attain a certain value of suitability score. However, the factor of slope was ignored from the list of evaluation factors due to the fact that the study area has no slope in the limited range for oil palm land use even though the significance of the slope has been emphasized in oil palm development (Paramananthan 2003) . Furthermore, each evaluation factor was distinctly categorized in which each category is related to a suitability class handling a suitability score (Table 2) .
Multi-criteria evaluation
Multi-criteria evaluation is a well-known approach to analyze the decision-making process in GIS (Elsheikh et al. 2013; Malczewski 2010) . MCE determines suitability of a Fig. 2 Flowchart of model development particular land unit with respect to various physical or socio-economic evaluation criteria that affect the final decision (Chow and Sadler 2010) . For purposes of this research, the transition rules of cellular automata are provided by a group of suitability images resulted from MCE approach. The technique classifies units of observation according to their suitability (Malczewski 2006) in two time steps of 1997 and 2002. MCE procedure was carried on in three steps as follows:
(i) Analytic hierarchy process (AHP) This step was carried on based on expert-derived AHP method (Saaty 1977) . AHP has been a widely implemented and the most popular GIS-based multi-criteria decision analysis technique (Chandio et al. 2012; Nardo et al. 2008; Malczewski 2010) . In this research, AHP weights assigned by questionnaires are administered to experts in Malaysian Palm Oil Board (MPOB). Criteria weighting (Table 2 ) and the inconsistency ratio were calculated based on the methods explained by Saaty (1980 Saaty ( , 2008 . The measure of inconsistency shows the deviation distance of pairwise judgments from perfect cardinal transitivity in which the measure can advise the need to revisit pairwise comparisons (Weber 1993) . If the ratio exceeds 0.1, the judgments are inconsistent to be accepted so the optimal inconsistency ratio is B0.10 (Saaty 1980). The obtained inconsistency ratio of this study was 0.03, which means the pairwise comparisons were consistent.
(ii) Factor standardization Three methods were used to standardize the weighted factors including: (i) categorical data recycling, which assigns a standardized suitability score in the range of 0-255 for each data category, (ii) fuzzy set membership function, which informs the evaluation criteria in a continues scale of suitability from 0 to 255 as the last and most suitable (Jiang and Eastman 2000) , and (iii) relative cost distance, which rescales data based on grid cell equivalents (GCE) representing the cost of moving through a grid cell. Table 2 defines standardized suitability classes and associated values for each criterion and Fig. 3 illustrates standardized suitability criteria for oil palm development. (iii) Weighted linear combination (WLC) Standardized evaluation criteria were aggregated by summing the multiplication of the standardized value of every pixel by the normalized AHP weight of the same layer (Malczewski 2011) .
where, I represents the index value, n stands for the number of criteria, w i is the assigned weight, and X i is the standardized value for criterion i. Figure 4 illustrates the suitability image of oil palm development as the result of WLC method.
Cellular automata
Cellular automata have been widely utilized to model multiple spatial phenomena of land change (Wu 1996; Balzter et al. 1998; Syphard et al. 2005; Pan et al. 2010) . In land-use modeling using CA, the changes in the state of cells are governed by transition rules (Yang et al. 2011; Mitsova et al. 2011) . In this study, multi-criteria evaluation determined the suitable location of transitioning pixels and provided the transition rule for CA, such that the transition rules of the CA were empirically derived from the suitability images as the result of MCE. The following equation was applied to define transition rules of a certain land change (Ménard and Marceau 2007) :
where, P stands for the probability of transition, N is the number of neighbors in the opposite state of the cell, a and b indicate the number of rows and columns, respectively, and C shows the state of the cells containing computed ARI average recurrence interval, 2d moderate drainage limitation, 2Gnt a minor slope limitation, a moderate nutrient limitation, and a texture and structure limitation, 4do a moderate drainage limitation and a serious organic horizon limitation, 5Hm(n) human disturbed land, 5Hu urban land, 5s(dt) a serious salinity, drainage, and texture and structure limitation, ESA Environmental Sensitive Area probabilities. t 1 and t 2 stand for the land-use map at the beginning (1997) and the subsequent (2002) time of the simulation, respectively.
Markov chain analysis
Markov chain analysis is a stochastic procedure that predicts the probability of change in the future based on change in two time steps of the past. The matrix P(1) explains the behavior of a Markov chain process, where each element of matrix (P ij ) characterizes the probability of transition from the initial state j into the subsequent state i over the upcoming prediction time (Feldman et al. 2005 ).
Pð1Þ ¼ where, 0 P ij \1 and P N j¼1 P ij ¼ 1; ði; j ¼ 1; 2; . . .; JÞ The transition probabilities were computed based on the following equation (Logofet and Korotkov 2002; Roberts 1976 
):
Sðt þ 1Þ ¼ Pð1Þ Â SðtÞ; t ¼ 0; 1; 2; . . .;
Including the general solution,
where, S(t) and S(t ? 1) denote the status of the system at the time t or t ? 1 and P(1) defines the given matrix with the initial value of S(0). The matrix P(1) defines the transition probability of the subsequent transformed state. Markov chain analysis was conducted to derive the transition probabilities for each period of land-cover change. The land-cover maps of the years 1997 and 2002 were taken as the initial states of change to compute the transition probability of 2008. Subsequently, the transition probabilities of the year 2020 were computed based on the initial transitions of 1997 and 2002. 
Model validation
Validation of land change models is an objective procedure to compare outputs of model with real land-cover data towards measuring the agreement level of them (Agarwal et al. 2002; Pontius et al. 2004 ). The variations of Kappa indices have generally been implemented to validate landuse models specially CA and Markov chain-related ones (Kamusoko et al. 2009; Mitsova et al. 2011; Zhang et al. 2011; Jokar Arsanjani et al. 2012) . However, Kappa indices are based on randomness and ignore a part of transitions from base map to projected one (Pontius and Millones 2011) that implies a lack of completeness. In response to this problem, we adopted two measures of quantity disagreement, and allocation disagreement as the results of summarizing the cross-tabulation matrix of projected versus real land-use map. Pontius and Millones (2011) comprehensively described the useful idea of summarizing the cross-tabulation matrix by the measures of quantity disagreement and allocation disagreement. Besides being aware of the methodology proposed by to compare projected versus observed transitions of land classes based on comparing three maps of projected t2, reference t1, and reference t2, the validation process was carried out with two maps of projected t2 and reference t2. The method comprises two measures of quantity disagreement and allocation disagreement, which takes into account the entire transitions indicating discriminated spatial and quantitative errors based on summarizing the cross-tabulation matrix of the projected map versus real map. Summarizing the cross-tabulation matrix gives a proportion agreement value for overall landscape as well as two values of disagreement showing spatial and quantitative deviations.
Analyzing spatial patterns of oil palm development using landscape metrics Landscape metrics have been successfully applied to analyze spatial patterns of development (Mitsova et al. 2011; Zhang et al. 2011) . The metrics enable one to quantify the spatial characteristics of land classes and detect the changes in the pattern of land development (Araya 2009 ). The Patch Analyst extension ver. 5.0 for ArcMap (Rempel et al. 2012 ) was used to compute five metrics including patch density (PD), mean patch size (MPS), patch size standard deviation (PSSD), patch size coefficient of variation (PSCOV), and Shannon's Diversity Index (SHDI) in order to analyze spatial patterns of oil palm plantations over time. Table 3 defines the metrics used in the analysis and their related equations. Patch density and MPS are the most common class metrics indicating spatial composition and relative abundance of each land class (Mitsova et al. 2011) . PSSD is the function of MPS and gives information about the variability of patch size while PSCOV is used to compare variability among landscapes (MPOB 2013). SHDI represents the relationship between the number of land categories and the area of patches in each land category (Mitsova et al. 2011 ). When the number of different patch types Fig. 4 Suitability image of oil palm development increases, the value of SHDI increases. Thus, the proportional distribution of the area covered by patch types gets more reasonable (MPOB 2013).
Results and discussion
Model implementation
In this research, an integrated model of Markov chain analysis, CA, and MCE was developed to simulate the oil palm development. In the first simulation, change in six land-cover classes of the year 2008 was projected as the result of oil palm development based on transition observed in the years 1997 and 2002. The main inputs of model involve a Markovian matrix indicating the quantitative transitions between 1997 and 2002, the transition rules of CA provided by MCE, a base land-cover map of the year 2002, and a 5 9 5 contiguity filter. Table 4 shows the outcomes of Markov chain analysis including transition probability matrix (TPM) and transition area matrix ( According to Table 4 , the probabilities of transition between land classes are as follows: each pixel of oil palm category has a 8.11 % chance to transit into the urban/ urban-related class and 6.45 % chance to transit into the agriculture category while the same pixel has 1.84 % of The accuracy of first simulation was assessed by comparing projected versus real land cover of 2008. The accurate projection allowed us to conduct subsequent simulation towards projecting the targeted year of 2020. The overall proportion agreement of simulation was 79 %, which indicates the overall location and quantity agreement of simulated 2008 with the reference map of 2008. The value of summary parameters of allocation disagreement and quantity disagreement shows 16 and 5 % respectively (Fig. 6) .
The second simulation was done based on the satisfactory agreement between the projection and the reference in the first simulation. The satisfactory projection of the MCE based CA-Markov land-use model is also pointed out by Mitsova et al. (2011) , Adhikari and Southworth (2012) , and Behera et al. (2012) . In this step, six land categories of the year 2020 were projected as a result of oil palm development. The simulation was accomplished by means of a Markov transition matrix, MCE, which provided transition rules for cellular automata, the base land-cover map of 2002, and a 5 9 5 contiguity filter. Markov chain analysis provided the likelihood of quantitative transitions from each category in 2002 to any other category in 2020 based on transition observed between time steps of 1997 and 2002. Table 5 presents results of Markov chain analysis involving TPM (regular font) and TAM (italic font) used to project quantitative transitions of the pixels, and Fig. 7 shows a projection of oil palm development and five surrounded categories for the year 2020.
According to Table 5 , the likelihoods of transition between land classes are as follows: oil palm to forest; 1.91 %, forest to oil palm; 21.49, oil palm to urban/urban related; 10.01 %, urban/urban related to oil palm; 4.84 %, oil palm to agriculture; 6.48 %, agriculture to oil palm; 63.55 %, and oil palm to 'other'; 0.22 %, 'other' to oil palm; 10.3. The TPM demonstrates the future trends of land-use change, which is mainly towards further urbanization. Oil palm development rate will be decreased due to limitations of the available lands for additional huge expansion of the areas under oil palm plantation. The TAM reveals that 69,946 ha of forest, 5,006 ha of urban/urban related, 188,673 ha of agriculture, and 3,556 ha of the 'other' land categories tend to transform to oil palm land use by the year 2020. Meanwhile, only 25, 245, 132, 157, 85, 545 , and 2,860 ha of oil palm lands are like to change to forest, urban/urban related, agriculture, and 'other' land categories, respectively. Analysis of land development using landscape metrics A set of landscape metrics was calculated to describe the land development and the spatial relationship among land categories over time. Table 6 presents the results of calculating metrics in class as well as landscape levels. Analysis of oil palm land uses using the metrics reveals that two measures of patch density and patch size coefficient of variation are slightly decreased between time steps of 1997 and 2002 then slightly increased by 2008. Meanwhile, in the same period, two other measures of mean patch size and patch size standard deviation are first increased and then slightly decreased. Shannon's Diversity Index increased by the year 2008 while there is no change between two time steps of 1997 and 2002. These changes are attributed to rapid expansion of oil palm land use mostly due to massive development of areas under plantation companies. Patch density and patch size coefficient of variation are like to decrease while mean patch size and patch size standard deviation tend to increase by the year 2020. In addition, Shannon's Diversity Index is like to decrease between time steps of 2008 and 2020. Reduction of SHDI is mainly attributed to increase in the number of patch sizes in land classes of urban/urban related, agriculture, and forest, even though the number of patch sizes of oil palm is decreased. Decrease of SHDI value implies more fragmented land-use patterns in the near future of 2020 even though the patterns of oil palm land use will be more continuous. The results obtained in this paper to describe the observed spatial patterns of oil palm land use were consistent with previous studies of spatial patterns of landscape in this region based on different metrics Nakagoshi 2006, 2008) . However, the current research focused on simulation and then analyzing the likely spatial patterns of oil palm land use in the near future.
Conclusions
In this study, an integrated model of cellular automata, multi-criteria evaluation, and Markov chain analysis was developed to simulate trajectories of oil palm development in the near future. This study discloses ability of developing model once the transition rules of CA iterations are provided by means of suitability analysis. Suitability analysis of oil palm development needs extensive study on the real situation of landscape. Understanding the real process of development enables the precise definition of the suitability criteria. There are varieties of potential environmental and socio-economic factors, which drive the oil palm development. However, the driving forces have different levels of impact on land transition process. Less effective factors were excluded from analysis and those factors were considered which indicate the highest level of importance in oil palm development. Prioritizing the selected factors by AHP method, standardizing them using fuzzy membership function, and then aggregating them based on WLC method yielded the suitability map, which indicates the suitability of each single pixel for further oil palm development. This map was served as source of transition rules for further CA iterations. Meanwhile, Markov chain analysis provided the quantitative transition for each cell. Once Markov chain analysis embedded with CA, the model was able to project future expansion of oil palm land use in a spatially explicit manner. Moreover, quantitative and spatial validation of the model by summarizing cross-tabulation matrix showed a satisfactory agreement between simulated and base map. The comparative analysis of land classes based on landscape metrics revealed that spatial patterns of oil palm plantations tend to become more continuous while the spatial patterns of other land categories tend to become more fragmented by the year 2020.
